Abstract Despite improvements in wastewater treatment systems, the impact of anthropogenic nutrient sources remains a key issue for the management of European lakes. The Water Framework Directive (WFD) provides a mechanism through which progress can be made on this issue. The Directive requires a classification of the ecological status of phytoplankton, which includes an assessment of taxonomic composition. In this paper, we present a composition metric, the plankton trophic index, that was developed in the WISER EU FP7 project and demonstrate how it has been used to compare national phytoplankton classification systems in Northern and Central Europe. The metric was derived from summer phytoplankton data summarised by genus from 1,795 lakes, covering 20 European countries. We show that it is significantly related to total phosphorus concentrations, but that it is Hydrobiologia (2013) 704:75-95 DOI 10.1007/s10750-012-1390 also sensitive to alkalinity, lake size and climatic variables. Through the use of country-specific reference values for the index, we demonstrate that it is significantly related to other national phytoplankton assessment systems and illustrate for a single European (intercalibration) lake type how it was used to intercalibrate WFD boundaries from different countries.
Introduction
Phytoplankton is one of the biological quality elements required for assessing ecological status of lakes in Europe according to the Water Framework Directive (WFD). Annex V of the WFD requires phytoplankton to be assessed using biomass, taxonomic composition and bloom metrics. Already many decades before the WFD, lake phytoplankton has been used to assess eutrophication impacts in Europe and North America (Naumann, 1919; Teiling, 1955; Taylor et al., 1979; Reynolds, 1980; Hörnström, 1981; Willén, 2000) . The WFD has nevertheless stimulated development and/or improvement of a large array of different national methods (Solimini et al., 2008; Poikane et al., 2009; Birk et al., 2012) , including biomass metrics, such as chlorophyll, cell numbers and biovolume, taxonomic composition metrics, such as proportions of cyanobacteria or other indicator taxa (Watson et al., 1997; Ptacnik et al., 2008) , as well as weighted average of taxa based on their occurrence along the trophic gradient (Padisák et al., 2006; Mischke et al., 2008) , or functional composition metrics based on size classes (Lugoli et al., 2012; or functional groups (Reynolds, 1984; Metcalfe, 1989; Padisák et al., 2006) . The class boundaries for these national methods are based either on purely statistical principles, dividing the metric data into equidistant classes along the pressure gradient, or using more ecological principles, e.g. change points or thresholds in response curves of indicator taxa along the pressure gradient . Thus, different metrics as well as different boundary setting methods contribute to the large variability among the national methods and how they classify a common set of lakes. This large variability complicates the comparability of classification results from the different countries, and has posed a great challenge to the intercalibration of the good ecological status class boundaries of national methods, as required by the WFD (WFD CIS Intercalibration Guidance, 2011) . To facilitate the last phase of the WFD intercalibration process, there was therefore an urgent need for common metrics, including a common taxonomic composition metric for lake phytoplankton.
The objective of this paper is to present the taxonomic composition metric that was developed in the WISER EU FP7 project and how it has been used as a part of the common metric (CM) for intercalibration of phytoplankton in the Northern and CentralBaltic Geographical Intercalibration Groups (GIGs). The paper presents the huge pan-European dataset underlying the development of this metric, the relationship of the metric with eutrophication pressure and with other environmental variables, e.g. alkalinity, colour, lake size, depth and climate parameters, as well as the application of the metric in the intercalibration process.
Methods

Data
The analysis reported in this paper is based on phytoplankton composition and water chemistry data covering 1,795 lakes from 20 countries (Table 1) . These data were extracted from pan-European databases compiled for the WFD intercalibration process and the EU Rebecca and WISER Project ; http://www.wiser.eu/). Here, selected phytoplankton data were used from samples taken in July-September. Taxa records from each country were harmonised for nomenclature and allocated a unique code based on the reported taxonomic identity (Mischke et al., 2012a, b) . The taxonomic system follows the nomenclature for the following algal groups, cyanobacteria; (Komárek & Anagnostidis, 1999 Chlorophyta; (John et al., 2002) , except Chlorococcales (Komárek & Fott, 1983 ); Conjugatophyceae; (Förster 1982; Coesel & Meesters, 2007) and was finally checked by the world-wide electronic publication of Guiry & Guiry (2012) . Taxa recorded in less than three countries or from less than 10 samples were removed from the analysis as their species optima would be highly uncertain for application within a GIG or at a pan-European level. To reduce variability caused by different taxonomic traditions and counter ability, data were aggregated to genus level. Samples and stations in each water body were combined by averaging to create a summer mean biovolume for each taxon, which was then converted to a fractional abundance, summing to a value of 1.0. The most recent annual fractional abundance value was then extracted from the dataset for each lake so that the analysis was based on a single mean summer fractional abundance for each lake. Lakes where the raphidophyte Gonyostomum K.Diesing formed[50% of the total biomass (n = 29) were excluded from the analysis, as it has been shown that species within this genus form mass developments that are not clearly linked to anthropogenic nutrients (Cronberg et al., 1988) and exploratory analysis revealed these lake were major outliers which could influence later ordinations used to establish taxa optima. Water chemistry data were averaged to provide a mean for the period April-September, all data were screened and lakes where mean growing season total phosphorus was outside the range of 1-1,000 lg l -1 were omitted. Long-term average precipitation and monthly mean air temperature for each lake was taken from a gridded dataset (Mitchell et al., 2004) . Precipitation was averaged for the period over the sampling period (July-September). The monthly mean temperature values [0°C were summed for the period JanuarySeptember to provide a metric (Degree months) that summarised the temperature climate that would have influenced the seasonal algal succession to the end of the sampling period.
Lake types
The intercalibration of phytoplankton assessment systems is based on the division of lakes into regions and lake types which are similar in their hydromorphological and geochemical attributes, referred to as geographical intercalibration regions (GIGs) (Poikane, 2009) . Lakes were thus split into the Northern, Central-Baltic, Mediterranean and Eastern Continental geographical regions and then subdivided into three alkalinity types (low = alkalinity \0.2 mEq l Pt); the distribution of types by country is shown in Table 1 . For some analysis, lakes were also split into size (large = area [10 km 2 , moderate = area 1-10 km 2 , small = area 0.5-1.0 km 2 and very small = area \0.5 km 2 ) and altitude classes (high = elevation [800 m, moderate = elevation 200-800 m, low = elevation \200 m). Reference lakes were also identified by data providers using criteria agreed for the WFD intercalibration exercise (Poikane, 2009; Järvinen et al., 2012) .
Statistical methods
All statistical analysis was carried out using R (R Development Core Team, 2009); ordinations were done with routines from the vegan library (Oksanen et al., 2010) . To determine the community structure of the phytoplankton, an unconstrained non-metric multidimensional scaling was carried out using the metaMDS function on the full dataset. Relationships with the key environmental variables, total phosphorus, total nitrogen, alkalinity, colour and mean depth were carried out using envfit function with significance testing using random permutation tests. All environmental data except latitude, longitude and degree months were log transformed. Prior to ordination analysis, phytoplankton biovolumes were converted to a fraction of total biovolume and square root transformed to reduce the influence of rare taxa (Legendre & Gallagher, 2001 ).
Plankton trophic index (PTI)
Development of the PTI metric was based on canonical correspondence analysis (CCA) using the cca function from the vegan library, with total phosphorus (mean of July-September samples) as a single constraining variable. When a single environmental variable is used, CCA reduces to a weighted average ordination, an axis score of zero represents the global average of the constraining environmental variable, total phosphorus (Braak & Looman, 1986) . Following a similar approach to that used by Dodkins et al. (2005) and Ptacnik et al. (2009) , the first CCA ordination axis of the taxon scores were used to derive a trophic optimum (or indicator value) for each taxon. The sign of the ordination axis is arbitrary, but for the PTI negative scores reflect low phosphorus and positive scores high phosphorus. The CCA was carried out on a random sub-set (683 records) of the full dataset, so that a separate training dataset was used for metric development, leaving an independent set of lakes for validation. In addition to these 'global' optima, additional sets of optima were derived using sub-sets of data taken from lakes in NGIG and CBGIG, to support the intercalibration of lakes from these regions. In these regional analyses, optima derived from species data were calculated and compared with those using genus-level data. Where the range of species optima within a single genus was large, the genus was split into species groups, and a group optimum derived using a weighted average of the species optima, where the weight was the number of records of each species in the group. In this way, species commonly occurring in many lakes get higher weight than rarely recorded species.
A PTI value was then calculated for each lake in the validation dataset using a weighted average of the optima from the taxa present in the lake, with the proportion of total biovolume as weights (Eq. 1)
where a j is proportion of jth taxon in the sample and s j is the optimum of jth taxon in the sample. Relationships between the global PTI and environmental variables were initially visualised using GAM models (Wood, 2006) and relationships investigated further using stepwise linear regression. For this analysis, the full dataset was used to maximise the number of lakes available. Data from all samples and all years were averaged to provide a single value for each lake to exclude any bias in the analysis of lakes with data from many sampling occasions. Linear models were developed using the stepAIC function from the R MASS library, which minimise the value of Akaike's information criterion (AIC) to select the most parsimonious model (Venables & Rippey, 2002) . In the analysis, the multiple of the degrees of freedom used for the penalty were set to log(n), which increases the penalty associated with additional variables, often referred to as Bayes information criterion (BIC) (Schwarz, 1978) . All lakes used in the analysis were assigned to European (intercalibration) lake types by the data providers, but only a sub-set of lakes had sufficient data to determine mean values for a common set of environmental variables. Thus, two sets of models were developed, one using mainly categorical variables on the full dataset, while the other used a sub-set of data and co-variables.
Use of PTI to compare national phytoplankton assessment systems for intercalibration of good status boundaries
To enable the PTI scores to be used for the WFD, the PTI values derived using the NGIG/CBGIG optima were calculated for low and moderate alkalinity lakes in these GIGs and then converted to an ecological quality ratio (EQR) using Eq. 2:
where PTI Obs is mean sample PTI for each lake year, PTI Max is the maximum PTI score for type (1.3 for low alkalinity, 1.5 for moderate alkalinity), PTI Ref is the expected or reference PTI for type and country. Reference values were derived using linear mixed models (Bates et al., 2011) with PTI as dependent variable, logTP as co-variable and country as a random factor. Separate models were developed for low and moderate alkalinity lakes. The reference PTI for each country was calculated using the model coefficients and a reference TP value (median TP for all NGIG and CBGIG reference lakes for each alkalinity type, low alkalinity = 6lg l ). Further details of the models are given in LycheSolheim et al. (2012) and Phillips et al. (2012) .
The WFD requires an assessment of both taxonomic composition and abundance of phytoplankton. To provide an overall assessment of this biological quality element, the PTI EQR was averaged with an EQR for chlorophyll a (Eq. 3). As the form of Eq. 3 results in a non-linear relationship with pressure, the chlorophyll a EQRs were first transformed by linear interpolation so that the agreed class boundary EQRs (Poikane et al., 2010) fell on a linear scale of 0.2, 0.4, 0.6, 0.8.
where Chl is the observed mean chlorophyll a for the growing season (March-October), Chl Ref is the reference chlorophyll a (values taken from Poikane et al., 2010) The resulting metric was used as a CM (independent of national metrics) to compare phytoplankton assessment systems used by Finland, Norway, Sweden, Ireland and UK. Each national assessment method was applied to the data from lakes in all of these countries. For each lake type, the resulting national EQRs were related to the CM using linear regression. Using the coefficients of these models, the boundaries defined by each country were expressed on the CM scale. The resulting CM boundary values for each country were then compared to the average for all countries to determine differences in boundaries set by each country. These average CM boundary values were then used to classify all the lakes in the dataset to allow the overall performance of the CM to be assessed.
In this paper, we report a summary of the result of this procedure for clear water moderate shallow alkalinity lakes in the NGIG. Other lake types and further details of the method can be found in LycheSolheim et al. (2012) and Phillips et al. (2012) .
Results
Environmental data
The dataset analysed contained results from 20 countries, although the majority came from the northern and central regions of Europe (Table 1) . The environmental variables cover a wide range of conditions, but although country-specific differences in lake types occurred, most countries had lakes covering a relatively wide spectrum of conditions (Fig. 1) . Given the source of the data, it was not surprising that there were significant data gaps, few countries reported colour and many did not provide alkalinity data, although all placed the majority of their lakes into alkalinity and humic type categories. The results reflect distributions that might be expected, given the geology, topography and climate of Europe, with the lowest alkalinity lakes found in Scandinavia, and high alkalinity lakes in central Europe. The dominant depth type were shallow lakes (half of all the lakes), with relatively fewer very shallow lakes in Belgium, the Netherlands, Denmark, Latvia and Estonia, and deep lakes primarily in Norway, the UK and the reservoirs of the Mediterranean region. Clear and humic lakes were present in the dataset, although there were relatively few humic lakes with very high colour ([90 mg l -1 Pt). The majority of lakes were between 0.5 and 4 km 2 (inter-quartile range), except in Finland where the median lake size range was 6-113 km 2 , with several lakes[500 km 2 . Finally, the lakes covered a full range of trophic status, with very low TP and chlorophyll a in the north and the highest values in the lowland areas of central and eastern Europe.
Exploratory analysis of phytoplankton similarities and environmental factors affecting the taxonomic composition
The phytoplankton data were initially examined using non-metric multidimensional scaling, an unconstrained ordination which uses a Bray-Curtis dissimilarity matrix to create a two-dimensional ordination. The projection was non-linear and the ordinations were unable to reach a convergent solution even after 40 iterations. The best solution had a stress value of 26.4; however, the ordination shows a clear gradation of phytoplankton communities ( Fig. 2a ) that are linked to geographical regions. Lakes from the Northern and Central-Baltic regions are separated from each other, but overlap with the Mediterranean and Eastern Continental regions. In the northern region, lakes from Norway, Sweden and Finland form distinct national clusters ( Fig. 2a) suggesting stronger country effects than in other regions of Europe. All of the environmental variable vectors except mean depth are significantly (P B 0.001) related to the ordination ( Fig. 2b ; Table 2 ). Chlorophyll a concentration has the strongest relationship, followed by alkalinity, air temperature and the pressure indicator variables total nitrogen (TN) and total phosphorus (TP). Surface area, altitude and latitude also have relatively strong relationships, while longitude, rainfall and colour explain less of the variation, although they were also significant. Considering the angles of the vectors (Fig. 2b) , it is clear that the first axis of the ordination represents a gradient of trophic status, with colder oligotrophic upland low alkalinity lakes at the left side and eutrophic lowland high alkalinity lakes at the right side. The second axis represents the effects of rainfall and lake size, together with humic content. Smaller clear lakes experiencing higher rainfall at the upper end of the gradient and large humic lakes at the lower end. The geographical variables of latitude and longitude reflect the distribution of these lakes with smaller lower alkalinity lakes dominant in Norway and larger mesotrophic lakes, with a longer retention time and higher humic content from Finland further to the east. In higher alkalinity lakes with higher levels of nutrients mainly found in the other regions of Europe, there is little evidence of country effects. The phytoplankton typical of different parts of the NMDS axis 1 (corresponding to the trophic gradient) are taxa within the Chrysophyceae, Klebsomidiophyceae and Prasinophyceae having low axis 1 scores and are thus found mostly in oligotrophic low alkalinity lakes at higher altitudes and latitudes, while taxa within the Euglenophyceae and Cyanophyceae are found in high alkalinity and most nutrient-enriched lakes (Fig. 3 ). Phytoplankton classes with wide variation in NMDS axis 1 scores are Dinophyceae, Cryptophyceae, Conjugatophyceae, Chlorophyceae and Bacillariophyceae, illustrating the widely different nutrient preferences between genera and species within each of these classes.
Trophic optima for common phytoplankton genera Given these strong relationships, it was not surprising that the CCA ordination, constrained by log TP resulted in 27% of the variability of the global phytoplankton dataset being explained by the first ordination axis; a relatively high proportion for a large taxonomic dataset. Similar results were found for the NGIG/CBGIG datasets: 30% for genus data and 14% for species data.
Thus, the position of taxa along this axis should be a good indicator of their trophic affinity. The trophic optima and standard deviation of all genera occurring in more than 100 lakes in the global dataset are shown in Fig. 4 . The values are expressed as both the optima scores, derived from the first axis of the CCA, and the weighted average TP and standard deviation in lakes where each genus dominate (Annex 1 in Supplementary material). The trophic optima and standard deviation can be used as indicator values and niche width, respectively. The genera to the left in this figure are . Genera with TP optima in the middle range from 10 to 30 lg l -1 in Fig. 4 mainly belong to the classes with wide variability seen in the middle of Fig. 3 : dinoflagellates, cryptophytes, desmids (Conjugatophyceae), chlorophytes and diatoms (Bacillariophyceae). The standard deviation appears quite similar across the trophic gradient, but as the Fig. 4 is on log-scale, the magnitude of the standard deviation increases from left to right, indicating a larger niche width for the more tolerant eutrophic genera than for the oligotrophic genera. The niche width is, however, also different among genera with quite similar optima, e.g. Botryococcus Kützing and Gymnodinium Stein have similar TP optima close to 10 lg l -1
, but Botryococcus has a narrower niche width than Gymnodinium. The same can be seen for some eutrophic genera, e.g. Limnothrix Meffert and Scenedesmus Meyen, have optima close to 40 lg l -1
, but Scenedesmus has a wider niche width than Limnothrix. The wider niche width is mostly explained by the higher number of species within the genera Gymnodinium and Scenedesmus than within Botryococcus and Limnothrix.
The optima produced from this analysis were compared by correlation with other published values, taking the average value for the genus where species level values were available (Table 3) . With the exception of the PTI from the Mediterranean region (Marchetto et al., 2009) , all had significant correlations. The most similar were the PTI values from Norway ) and TPI from Sweden (Swedish EPA, 2010) . The global and NGIG/CBGIG optima were very similar (Table 3 ) and either could be used to derive the phytoplankton trophic index (PTI) and provide a good indicator of lake trophic status. 
Relationship between PTI and environmental variables
Using an independent validation dataset, the PTI (based on the global optima) had a strong relationship with TP. A GAM model demonstrated that the relationship between PTI and TP was linear to approximately 75 lg l -1 levelling off at a TP concentration greater than 100 lg l -1 (GAM model adjusted R 2 = 0.60, P \ 0.001; linear model adjusted R 2 = 0.50, P \ 0.001) (Fig. 5a ). Using the full global dataset improved the relationship (R 2 = 0.66, P \ 0.001) and in contrast to mean depth and humic types, adding country or alkalinity type further improved the GAM model (R 2 = 0.71 with alkalinity type and 0.76 with country, Fig. 5b ; Table 4) Thus for any particular level of TP, there are likely to be small, but significant, differences in the PTI score for different countries, part of which may be explained by differences in the alkalinity of their lakes.
A stepwise application of linear models, applied to lakes with TP in the range of 5-100 lg l -1 confirmed that PTI not only had significant responses to TP and alkalinity type, but also showed that significant country effects remain even if alkalinity type is included in the model, with Norway having significantly lower PTI values than other countries (R 2 = 0.75, P \ 0.001), (Table 5) . To investigate the factors that might contribute to this country effect, the analysis was repeated excluding country from the models (Table 6 ). This reduced the overall significance of the relationship with TP (R 2 = 0.71, P \ 0.001), but in addition to alkalinity type the best model also contained significant type factors for surface area, together with the co-variables 0.87*** 0.57*** -0.49*** -0.41*** 0.52*** 0.54*** 0.84*** 0.83*** -0.19 ns PTI (N/CB GIG optima) 0.58*** -0.51*** -0.34*** 0.51*** 0.49*** 0.81*** 0.85*** -0.15 ns a UK plankton trophic index b Brettum index (Brettum, 1989) c IT plankton trophic index (Buzzi et al., 2011) d DE trophic indicator score (Mischke et al., 2008) e FR indicator taxa score f SE trophic plankton index (Swedish EPA, 2010) g NO plankton trophic index figure  online) for temperature (degree months [0°C) and mean summer (July-September) precipitation.
PTI variability in reference lakes
Using a sub-set of reference lakes where sufficient data were available to apply typological co-variables rather than categorical factors, linear models showed similar results with alkalinity, and precipitation significant variables when country was included as a factor (R 2 = 0.80, P \ 0.001) (Table 7) , and lake area and degree months significant (R 2 = 0.61, P \ 0.001) when country was excluded (Table 8) . When country was included, TP was not a significant variable which is not surprising given that these were reference lakes and thus had a relatively small TP range. However, when country was excluded, TP was significant and together with alkalinity, surface area, temperature and precipitation contributed to the variability expressed as country. Thus, higher alkalinity, higher temperature, larger lakes and lower precipitation all combine to increase PTI values, in addition to the influence of TP.
Geographical variation of PTI in reference and impacted lakes across Europe
The range of values for PTI is illustrated geographically in Fig. 6 , showing that the PTI scores are generally lower in Scandinavia than in the rest of Europe, for both reference lakes and impacted lakes. This reflects climatic differences, the distribution of eutrophication in Europe and the dominance in northern Europe of low alkalinity lakes. The longitudinal gradient seen through Scandinavia going from Adj R 2 = 0.804, P \ 0.001, F = 68.8 on 9 and 140 DF Parameters were selected by stepwise method using the Bayesian information criteria BIC for model selection. Deselected parameters were, TP, mean depth, surface area and air temperature. Significant variables shown in bold The lower PTI scores found in the Scandinavian reference lakes compared to reference lakes in the rest of Europe shown are also seen in box plots of PTI scores for the low and moderate alkalinity types (Fig. 7) . Norway and Sweden clearly have the lowest PTI scores in both low and moderate alkalinity reference lakes, while Portugal and Romania have the highest scores in reference lakes of the same alkalinity types. In high alkalinity lakes ([1 mEq l -1 ), there are no reference lakes from Scandinavia in the available dataset, and there are no clear differences among the other European countries. Thus, at least for low and moderate alkalinity lakes, it is essential that country-specific reference values for PTI are used for assessing lake status. An example of this approach, where mixed linear models with country as a random factor, were used to estimate PTI reference values for clear water moderate alkalinity shallow lakes in the Northern Geographical Intercalibration Group (NGIG) (Norway, Sweden, Finland, UK) is provided below. Application of PTI as common taxonomic metric in intercalibration of national assessment methods in Northern Europe
The CM (PTI combined with chlorophyll a) EQR has a strong linear relationship with TP ( Fig. 8 ; R 2 = 0.77, P B 0.001) and the EQRs produced by each of the NGIG countries, using their national assessment methods (Fig. 9) . The strongest relationships are with the assessment systems for UK and Norway (R 2 = 0.89 and 0.88, respectively, P B 0.001), but all have R 2 values[0.74. Using segmented regression, it was found that the Finnish method had two linear relationships, with a shallower slope when the national EQR value was[0.55. Both relationships were highly significant, converging close to the good/moderate boundary value of 0.60. The national boundary values on the CM scale (derived from these models) were very similar, the greatest difference being found for Finland at ±0.04 EQR units, well within the ±0.25 of a class (0.05 EQR units) required by the WFD CIS Intercalibration Guidance (2011). The average of the national method boundary EQRs expressed on the CM scale was 0.89, 0.70 and 0.45 for the high/good, good/ moderate and moderate/poor boundaries, respectively.
Using these boundary values and assuming the poor/bad boundary was half of the moderate/poor value (0.23), the median and range were estimated for various eutrophication indicator metrics used by NGIG countries, TP, chlorophyll a, total biovolume of phytoplankton and of cyanobacteria, the percentage of impact cyanobacteria and PTI in this lake type for each of the five WFD classes (Fig. 10) . All of these metrics show a clear stepwise transition from high to bad, with relatively little overlap between classes, demonstrating the discriminatory power of the common metric. The PTI metric is particularly good in this respect with none of the upper and lower 25th quantiles of values overlapping between classes (Fig. 10f) .
Discussion
The trophic preferences found for different taxa in this pan-European study largely confirms previous findings on taxonomic changes of phytoplankton communities along the trophic gradient with chrysophytes dominating in oligotrophic lakes and cyanobacteria in eutrophic lakes (Taylor et al., 1979; Hörnström, 1981; Reynolds, 1984; Brettum, 1989; Brettum & Andersen, 2005; Mischke et al., 2008; Ptacnik et al., 2008 Ptacnik et al., , 2009 Järvinen et al., 2012) . These changes are not only explained by nutrients but also by other environmental factors. This was clearly demonstrated by the initial exploratory analysis using an unconstrained ordination showing the strong influence of alkalinity and temperature in addition to nutrient status in structuring the phytoplankton community. Similar results were found in other smaller regional studies (Lepistö et al., 2004; Salmaso et al., 2006; Marchetto et al., 2009 ) that all found relationships with nutrients, alkalinity/conductivity along the first ordination axis. Thus, it is clear that the phytoplankton community composition changes significantly in relation to these variables and thus has potential as a eutrophication indicator. Current indices, derived from the trophic preferences of different taxa, indicated by ordination or weighted averaging, are based on regional datasets, which have the advantage of minimising bio-geographical and climatic variation (Brettum, 1989; Salmaso et al., 2006; Mischke et al., 2008; Ptacnik et al., 2009; Swedish EPA, 2010) . They are, however, less applicable in other regions and subject to being over Relationship between CM for moderate alkalinity shallow lakes and mean growing season total phosphorus from NGIG and CBGIG countries (Denmark, Estonia, Finland, Ireland, Norway and UK) influenced by local conditions, a desirable property if the primary objective of the index was to estimate nutrient status, but less so if it was to assess overall status and compare across a large region such as Europe. For example (Marchetto et al., 2009) found poor relationships between observed TP and other trophic indices when these were applied to Sardinian reservoirs. In addition, the trophic indices derived from these reservoirs also compared poorly with our values, in contrast to other optima that were derived from larger regional data (Table 3) , probably because the Sardinian data used was from a very limited trophic range. Other optima had much higher correlations, including those covering central Europe (Mischke et al., 2008; UK in Lyche-Solheim et al., 2012) , although those from Scandinavia had the highest values Swedish EPA, 2010) as lakes from this area dominated our dataset.
It is thus not surprising that we found significant country effects, similar results were obtained by Tolotti et al. (2009) in a study of phytoplankton assemblages in high altitude and high latitude lakes. They found distinct clusters for Finland, and the eastern Alps with geographical variables (latitude, longitude, altitude and ice cover) explaining variation along their first CCA axis and more local variables (TN, transparency, stratification and the presence of fish on the second axis). Variables such as latitude and longitude are surrogates of others, particularly air temperature which we found to be highly correlated with latitude (R 2 = 0.88, P \ 0.001), as was alkalinity (R 2 = 0.45, P \ 0.001), reflecting the distribution of the major geological formations of Europe. Marchetto et al. (2009) (Salmaso et al., 2006) , it also has an independent influence on the phytoplankton community composition. This should not be a surprise as alkalinity influences the availability of carbon (Stumm & Morgan, 1996) . In our study, we found significant relationships between PTI and alkalinity that were independent of phosphorus. Thus, at a given phosphorus concentration, the PTI was lower at lower alkalinities, and this difference may reflect availability of carbon. Reynolds (2006) points out that while the resource limitations of the major nutrients, nitrogen and phosphorus have been the focus of work on phytoplankton, linked no doubt to the need to control eutrophication, there is a wealth of evidence that the different abilities of planktonic algae to exploit soluble carbon will also influence composition. He illustrates this with reference to limestone upland areas in the UK where lakes deficient in nitrogen and phosphorus, but rich in bicarbonate are often dominated by green algae, dinoflagellates and species of Anabaena, Gloeotrichia J.C. Agardh and other cyanobacteria. All of these taxa have high PTI optima, in comparison to genera more typical of low nutrients. Many of the Chrysophyceae, most of which have nutrient optima that fall at the oligotrophic end of the gradient, have little ability to use bicarbonate and their growth may be more limited by availability of CO 2 than nutrients, particularly as most of the chrysophytes are mixotrophic and can supplement their access to carbon and nutrients, in particular phosphorus, by consuming P-rich bacteria (Bird & Kalff, 1987) . Thus, at higher alkalinities, it is not that surprising we see higher PTI scores as other taxa begin to gain a competitive advantage as small increases in nutrient supply reduce the available pool of dissolved carbon (Reynolds, 2006) . It is interesting to note that the classic experiments of Talling (1976) produced evidence for an increasing tolerance to CO 2 depletion in the order (Aulacoseira subartica ? Asterionella formosa ? Fragilaria crotonensis ? Ceratium hirundinella/Microcystis aerugionsa), which matches, with the exception of Aulacoseira, the order of increasing PTI optima of these genera (Fig. 4) . Alkalinity is, however, not the only factor influencing the PTI. Our analysis shows a significant country effect particularly for Norway, where PTI values are significantly lower than those of other countries, despite the inclusion of alkalinity in the model (Tables 5, 7 ; Fig. 7) . In a study such as this, which is based on a large dataset derived from many sources we cannot rule out systematic bias, caused by different sampling strategies and methods in each country, although we attempted to minimise this by restricting the analysis to a 3-month period and by harmonising taxonomic nomenclature. However, comparing models including and excluding country suggests that climate is another important factor (Tables 6, 8 ). The duration of the ice-free period has been shown to be related to the phytoplankton species richness and biomass in Sweden , partly because of correlations between nutrients, latitude and temperature (Weyhenmeyer, 2009 ), but also a direct result of a shorter growing season. When the ice-free period increased above a threshold of 170 days, the phytoplankton seasonal succession changed from one, to two peaks a year, with a consequent increase in species richness. Our temperature metric (degree months [0°C from January to the end of the sampling period used, September) cannot be directly related to the ice-free period, but Norway experiences lower average temperatures than Finland and Sweden and the length of the growing season could be a factor influencing the summer phytoplankton community and thus the PTI metric. Comparing the taxa found in lakes from a narrow range of TP (5-10 lg l -1 ) in NGIG countries (UK, NO, SE, FI) showed that NO had very few records (\5%) of several genera with higher PTI optima that were commonly found ([50% of samples) in other countries (e.g. Pediastrum, Ankistrodesmus, Didymocystis, Tetrastrum, Aphanothece, Cyanodictyon, Trachelomonas, Aphanizomenon). Thus, temperature is potentially an important factor explaining the PTI variability among countries.
The other factor that was found to have a significant influence on PTI in our models was lake surface area and rainfall. The NMDS ordination suggested these two metrics influenced the phytoplankton community in opposite directions and in combination they may reflect flushing rates. Large lakes, found particularly in Finland, have typically greater volume, as lake area and depth are positively related (Nõges, 2009) , and rainfall is significantly lower than in Norway (Fig. 1) . Thus, in comparison to other northern European countries, Norwegian lakes, not only experience lower temperatures but may also have generally higher flushing rates, both factors that are likely to lead to fewer taxa and lower PTI scores, given the low nutrient regime. It should be stressed that this is just a hypothesis that could be tested on a dataset of Northern European lakes which had flushing rate data.
The relatively modest influence of colour (proxy for humic content) found in our analyses (Tables 2, 4) is surprising, knowing the importance of this factor on both underwater light quantity and quality, on nutrient availability, as well as on pH and thereby CO 2 availability (Keskitalo & Eloranta, 1999) . Other studies have demonstrated the impact of humic content on phytoplankton taxonomic composition, in particular the dominance of the harmful and invasive algae Gonyostomum semen in humic lakes (Lepistö et al., 1994 (Lepistö et al., , 2004 . A recent paper by Rengefors et al. (2012) demonstrates that Gonyostomum lakes have significantly higher DOC, higher nutrient levels and lower pH than non-Gonyostomum lakes, based on a moderate Swedish dataset. Although the Gonyostomum appeared at the lowest end of the second ordination axis in our exploratory analyses, and is thus positively correlated with colour, there are also other variables that are better correlated with this axis, e.g. lake size. This result may be caused by confounding factors in the dataset for Finnish lakes, as those are mostly much larger than the lakes from other countries, but together with the Swedish lakes also have generally higher colour than the Norwegian and UK lakes. The impact of colour on taxonomic composition may also be underestimated due to exclusion of lakes with high Gonyostomum biomass from all lakes, as that caused high TP and chlorophyll a .
The remaining unexplained variance of phytoplankton communities probably is related to variation in food web structure, including fish predation affecting zooplankton grazing and regeneration of nutrients (Pace, 1984; Carpenter & Kitchell, 1987) . Furthermore, slight variation in sampling locations and frequency, as well as in phytoplankton analyses, also contribute to the variability, although many of the countries have harmonised their counting methods, so this variation is small, as confirmed by the WISER uncertainty analyses .
Thus, although our trophic index is less likely to perform as successfully in a particular country, due to the influence on the optima of phytoplankton populations drawn from a wide range of conditions, it has the advantage of a comprehensive set of taxa with robust scores, and provided country-specific reference values are applied it can be used to assess lake status. The success of this is illustrated from its application to the intercalibration exercise of the WFD in both the Northern and Central-Baltic GIGs, where it was used as part of a CM to compare national assessment systems Phillips et al., 2012) . The WFD requires a combination of metrics that assess both the taxonomic composition and the abundance of phytoplankton. Abundance is conveniently measured as chlorophyll a and after conversion to an EQR, using country-specific reference values derived from mixed linear models that included country as a random factor, the PTI score provided an assessment of the change in taxonomic composition. Averaging these two metrics on the EQR scale produced a CM that was highly significantly related to pressure (TP concentration) and national phytoplankton metrics and enabled the boundaries of the national assessment systems to be compared, and where necessary adjusted to ensure that the systems produced comparable classifications.
Using the average EQR value, from a set of independently developed national assessments systems that use a variety of approaches, expressed on the CM scale is a powerful way of capturing in numeric form an agreed assessment of lake status. The example shown here, from clear water moderate alkalinity shallow lakes, demonstrates that the result is in line with ecological expectations. The upper quartile range for chlorophyll a at the high/good and good/moderate boundaries were 3.5 and 7.5 lg l -1 , respectively, the latter is an appropriate value for a mesotrophic lake when compared to the widely accepted OECD trophic classification (OECD, 1982) . Similarly, the interquartile ranges of the maximum biovolume of cyanobacteria show no overlap between classes. The lower quartile for poor status had a value of 1.3 mm 3 l -1 and the upper quartile for moderate 1.2 mm 3 l -1 , values which are close to the low risk threshold for recreational waters defined by the WHO (1999) . This is consistent with guidance issued for eutrophication (WFD CIS Eutrophication Guidance, 2009) which suggests that at moderate status there should still be a low risk of undesirable disturbances, such as interference with recreational activity.
In conclusion, we suggest that the taxonomic composition of the phytoplankton can be quantified using trophic optima derived from a pan-regional dataset and provided that country-specific reference values are used to account for climatic and biogeographical differences and can be used to compare and assess the status of lakes across Europe.
